The objective was to demonstrate decisionanalytic modeling in support of Child Welfare policymakers considering implementing evidence-based interventions. Outcomes included permanency (e.g., adoptions) and stability (e.g., foster placement changes). Analyses of a randomized trial of KEEP-a foster parenting intervention-and NSCAW-1 estimated placement change rates and KEEP's effects. A microsimulation model generalized these findings to other Child Welfare systems. The model projected that KEEP could increase permanency and stability, identifying strategies targeting higher-risk children and geographical regions that achieve benefits efficiently. Decision-analytic models enable planners to gauge the value of potential implementations.
Introduction
In 2007, approximately 3.2 million allegations of child maltreatment involving over 5.8 million children occurred in the US. Child Welfare agencies (CWAs) investigated 1.8 million allegations and substantiated 24.1% involving 794,000 children (''Child Maltreatment 2007 . The type and quality of services provided to youth in CWAs have profound implications for their physical and mental well-being, chances for stable and permanent homes, government budgets and broader societal costs. Despite the development of effective, evidence-based parenting interventions that could improve the quality of CWAs' services (Chamberlain et al. 2007 (Chamberlain et al. , 2008 Reid 1991, 1994; Eddy and Chamberlain 2000; Edwards and Lutzker 2008; Gershater-Molko et al. 2003 ; Leve and Chamberlain 2004; Lutzker et al. 1982; Price et al. 2008) , such interventions have not been widely adopted. Child Welfare policymakers face challenges when considering implementing such interventions: gathering and synthesizing available data; translating it into actionable information (Aarons et al. 2011) ; and weighing the merits of implementing those interventions (Horwitz et al. 2010) . Findings on evidence-based parenting interventions' impact on outcomes and costs in CWAs are encouraging but scarce, and rarely calculate their relative value.
Therefore, in addition to the implementation issues mentioned previously and the real-world operational challenges faced by Child Welfare administrators, to increase the rates of implementation of evidence-based parent interventions, research is needed that translates study findings into projections of long-term benefits and costs that take account of how CWAs operate.
The tools of decision science are well-suited to supporting Child Welfare policymakers as they confront the challenges of complex, real-world operations and consider implementing new interventions (Claxton 1999; Gold 1996; Jackson et al. 2011; Kuntz and Weinstein 2001; Lilford et al. 1998; Parmigiani 2002) . Such analyses identify policies and interventions that are most likely to achieve a set of desired objectives given current uncertainties. They employ computer-based models that simulate the long-term, systemic impact of specific alternative courses of action facing decision makers, and they allow for comparisons among these competing alternatives. From these models come recommendations about the best action to take. Despite the successful use of decisionanalytic models to consider complex policy decisions for the long-term management of conditions including HIV/ AIDS and diabetes (''Cost-effectiveness of intensive glycemic control, intensified hypertension control, and serum cholesterol level reduction for type 2 diabetes,'' 2002; Gaspoz et al. 2002; Goldhaber-Fiebert et al. 2008; Ruiz 2001) , they have rarely been used to consider long-term implications of interventions for children in the US Child Welfare system. A systematic review of 2,640 articles (Goldhaber-Fiebert et al. 2011 ) finds that, although such approaches have been advocated for use in Child Welfare for 20 years (Dubowitz 1990 ), their use is rare. The few existing models often use simple extrapolation and have not been published in the peer-reviewed literature (Goldhaber-Fiebert et al. 2011) .
To address the challenges faced by Child Welfare policymakers in choosing to implement evidence-based interventions, we apply decision-analytic modeling to project long-term effects of implementing a promising parenting intervention supported by research data. The current study represents a significant advance over the existing research evaluating interventions to improve services and outcomes for youth in the Child Welfare system. It integrates randomized controlled trial data on a parenting intervention with nationally-representative data on children in US CWAs and applies a detailed microsimulation model to consider the impact of implementing the intervention on a number of child outcomes. Extending the model to include multiple interventions, additional system performance indicators and child outcomes could provide a new level of decision support for Child Welfare decision makers.
Methods

Summary
This study demonstrates the use of decision-analytic modeling to assess youth outcomes relevant to Child Welfare administrators considering the trade-offs of implementing KEEP (Keeping Foster Parents Supported and Trained), a promising parenting intervention with research evidence aimed at increasing placement stability (''California evidence-based clearinghouse for child welfare. '' Retrieved June 20, 2011, from www.cebc4.org) . It highlights the advantages and feasibility of this approach with respect to a broader set of evidence-based interventions. We focus on stated goals of the Child Welfare system-stability of foster placements and positive transitions to permanency-that have the potential to positively impact mental health outcomes for children.
We estimate rates of placement transitions in the Child Welfare system by analyzing data from a randomized controlled trial (RCT) evaluating the effectiveness of KEEP (Chamberlain et al. 2008; Price et al. 2008 ) and a nationally-representative observational study, National Survey of Child and Adolescent Well-Being (NSCAW-1). Using the RCT, we estimate KEEP's effects on these rates. We construct a microsimulation model to apply KEEP to US Child Welfare populations represented in NSCAW-1, tracking the paths of many simulated children through foster care and projecting long-term effects of KEEP. It is likely that the consequences of averted placement changes due to KEEP endure well beyond the RCT follow-up period. Furthermore, the RCT was conducted in one county, and state Child Welfare systems differ in terms of placement changes and exit rates from foster care. We use the microsimulation to compare three broad but realistic options: (1) not implementing KEEP; (2) implementing KEEP for all foster homes; (3) targeting KEEP to subpopulations who, based on the extant literature, may benefit more.
Study Populations
An RCT of KEEP (Price et al. 2008 ) evaluated its delivery to kinship and non-kinship foster parents (n = 700) caring for children aged 5-12 in San Diego County, California. This RCT found that foster parents randomly assigned to KEEP as contrasted with those in the comparison condition reported significantly fewer behavior problems (Chamberlain et al. 2008) . KEEP trains and supports foster parents in groups through a 16-week curriculum based on social learning theory (Price et al. 2008) . The KEEP curriculum promotes the increase of positive reinforcement, consistent use of nonharsh discipline, and the importance of close monitoring as well as strategies for avoiding power struggles, managing peer relationships, and improving school success (Price et al. 2008) . KEEP uses trained paraprofessionals to deliver the 16-week intervention; videotapes all sessions; and corrects deviations from model fidelity via weekly supervisory calls (Chamberlain et al. 2008) . The study followed the placement status of an index child in each home over 200 days, comparing placement change rates for children in KEEP and non-KEEP foster homes.
NSCAW-1 is a nationally-representative study of US children who had been referred to and investigated by Child Welfare agencies (Webb 2010) . NSCAW-1 contains longitudinal data on 5,501 children (age 0-14 at baseline) beginning in 1999-2000 and followed for 36 months. NSCAW-1 contains information on rates of foster care placement change and exits along with detailed measures of child and family well-being. To ensure comparability between KEEP and NSCAW-1 analyses, NSCAW-1 analyses were restricted to children who would have been eligible for the KEEP RCT (unweighted n = 348).
Outcomes
Primary outcomes were rates of placement change for children in foster care. Placement changes included: (1) positive exits from foster care (e.g., reunification with biological parents, long-term guardianship, and adoption); (2) negative exits from foster care (e.g., placement in a group care setting); (3) foster home changes (i.e., replacement in a different foster home).
Intervention Strategies
We compared universal implementation of KEEP to not implementing KEEP (the status quo) for foster parents caring for 5-12 year-olds. Because selective implementation may be an attractive alternative, we explored refined strategies including: (1) targeting KEEP to foster homes housing children at higher-risk for negative exits and placement changes; (2) implementing KEEP on a state-bystate basis to examine whether specific characteristics influence the results.
Analysis
We estimated Cox proportional hazard models for placement changes using the KEEP RCT data and the NSCAW-1 data. Estimation with the KEEP RCT focused on KEEP's impact on placement changes. Estimation with NSCAW-1 focused on nationally-representative rates of foster care placement changes and exits without KEEP.
For the KEEP RCT, covariates included: baseline placement type (kinship or non-kinship foster home); child's age; child's sex; child's primary language (English or Spanish); days in current placement at baseline; ever having prior placements; and whether the child was in a foster home that received KEEP. Additionally, consistent with the original KEEP analysis (Price et al. 2008) , we included an interaction between being in a KEEP foster home and the number of prior foster placements when considering rates of negative exit. This interaction estimated whether KEEP was especially effective among children at greatest risk.
For NSCAW-1, covariates included: baseline placement type (kinship or non-kinship foster home); child's age; child's sex; child's race/ethnicity (black, white, Hispanic, other); reason for placement (physical or sexual abuse, neglect, other); Child Behavior Checklist (CBCL) score (C64 denoting clinically significant levels of child symptomatology or \64); having any prior Child Welfare placements; having foster placements in the previous year; US geographic region.
Microsimulation Model
The microsimulation comprises a computer-based model representing paths of foster children through the Child Welfare system (Fig. 1) . The model's goals are to extend beyond the time horizon of the original KEEP study, consider a population that is nationally-representative, and assess the implications of multiple foster placement changes over 3 years and KEEP's potential to have compounding effects on these placement changes.
The microsimulation begins with a large group of children (1,000,000 simulated individuals) entering the model. Fig. 1 Decision-analytic microsimulation model of children's paths through foster care. The model diagram illustrates potential paths of each child in foster care. Children aged 5-12 enter the model with particular sets of baseline characteristics (e.g., sex, kinship/nonkinship foster care, race, etc.) representative of the US Child Welfare System. For each child, the microsimulation applies daily risks of exits from foster care and of placement change to another foster home (denoted by the black arrows). Otherwise, they remain in their current placement. Risks of exit and placement change are conditional on each child's baseline characteristics and whether the child resides in a foster home receiving KEEP. Upon placement change, the child's characteristics are updated and subsequent risks reflect this (e.g., the child is now older and has a longer history of placement changes)
To represent the US foster care population, each simulated individual is assigned characteristics based on bootstrap sampling from the characteristics and correlations of characteristics in the actual NSCAW-1 sample including the geographic region and consequently the Child Welfare system to which they pertain. Next, the microsimulation exposes each child to daily risks of each type of placement change (see Appendix). Risks are conditional on a child's characteristics (including the type of foster home he is currently in and which Child Welfare system he is in), being in a foster home receiving the KEEP intervention, and the current time in the model. The statistical models estimated above form the inputs for computing these risks with coefficients for all covariates from the NSCAW-1 regressions except coefficients for the effect of being in a KEEP foster home which come from the KEEP RCT regressions. Children exit the model if they experience a positive or negative exit from a foster home. However, unlike in the Cox models, the microsimulation continues to follow children who change foster home placements, updating their placement history and other baseline characteristics and thereby altering their future risks of additional placement changes and exits. The microsimulation produces synthetic, time-to-event data, and outcomes are then computed with this synthetic data using standard statistics (e.g., the cumulative risk of negative exit is defined as the number of children with negative exits divided by the size of the total starting cohort). In terms of assigning KEEP to foster homes, the microsimulation performs the entire 1,000,000 child simulation in both the presence and absence of the KEEP intervention, essentially equivalent to random assignment of the KEEP intervention. We propagate the uncertainty from the KEEP and NSCAW-1 analyses on which the model is based via bootstrapping all regression model coefficients (see ''Statistical methods'').
Sensitivity Analyses
We performed sensitivity analyses exploring the impacts of: (1) potential differences in KEEP's effect (potentially due to less than perfect fidelity of implementing KEEP) outside the clinical trial setting and in the Child Welfare systems of other states and regions; (2) potential attenuation of KEEP's effect for follow-up periods longer than the duration of the original KEEP trial (200 days), given that projections of NSCAW-1 are for 1,095 days. To examine the potential differences in KEEP's effect, we increased or decreased it between 50 and 150%, multiplying the regression coefficients for being in a KEEP treatment foster home by (0.50, 0.75, 1.00, 1.25, and 1.50) and then performing the fully bootstrapped microsimulations described above. To examine the potential attenuation of KEEP's effect, we linearly reduced the regression coefficients for being in a KEEP treatment foster home from 100% of their base case value at day 200 to either being fully attenuated (0% of their base case value) or partially attenuated (50% of their base case value) at day 1,095 and again performed the fully bootstrapped microsimulations described above.
Statistical Methods
The NSCAW study used a complex sampling design (e.g., case weights and clustering) (see http://www.ndacan. cornell.edu). We included standard adjustments for sampling design and weights (Levy and Lemeshow 2008) in all analyses, which were undertaken in SAS, SUDAAN, and Stata.
Microsimulation projections included both point estimates and confidence intervals. Uncertainty reflected in these confidence intervals is based on bootstrapping the statistical analyses of KEEP and NSCAW-1. From our Cox proportional hazard model results, we bootstrapped 1,000 sets of each of our regression coefficients and baseline hazard functions using the covariance matrices. We generated the microsimulation's confidence intervals by repeating all simulations with each of these 1,000 sets of coefficients and baseline hazard functions for each intervention strategy. The 5th and 95th percentiles of simulated outcomes across the 1,000 bootstrap samples form the 95% confidence interval. The microsimulation model is implemented in the C?? programming language (Law and Kelton 2000; Matsumoto and Nishimura 1998) .
Institutional Review
Both the original KEEP RCT and NSCAW-1 studies were approved by relevant human subjects committees. For this analysis, Stanford University's Human Subjects Committee determined that the secondary analysis of de-identified data was exempt from additional review (April 19, 2010) .
Results
Analyses of Empirical Data on Foster Placement Changes
The 5-12 year-olds in foster care at baseline in the KEEP RCT and NSCAW-1 had similar mean ages (8.8 and 8.7 years) and sex ratios (48 and 44% male) ( Table 1) . As the KEEP sample was drawn from San Diego county and NSCAW was nationally-representative, the two differed in terms of kinship foster care placement at baseline (greater in KEEP), race/ethnicity (more Hispanic children in KEEP), and having had a prior Child Welfare placement (higher in KEEP). Notably, NSCAW-1 provides a rich set of variables surrounding the children's prior experience (e.g., reason for foster placement) as well as their level of behavioral symptomatology (e.g., CBCL scores) that have been shown to be predictive for subsequent outcomes.
Despite differences between KEEP and NSCAW-1, the Kaplan-Meier survival estimates for the control arm of KEEP and for an equivalently selected population from NSCAW-1 are similar through KEEP's follow-up period (Fig. 2) , indicating that extrapolating KEEP to NSCAW-1 is reasonable. Furthermore, predictors of exits from foster homes and placement changes were largely consistent between KEEP and NSCAW-1 (Table 2) . Older children were significantly less likely to have positive exits than younger children, and in the NSCAW sample were more likely to have negative exits. Children with greater numbers of prior Child Welfare placements were more likely to have negative exits from their baseline foster home. Children in kinship foster care at baseline were less likely to have a placement change.
In NSCAW-1, both individual behavioral characteristics and geographical location also predicted exits from and placement changes within foster care. Children with higher CBCL scores were significantly less likely to have positive exits and significantly more likely to have negative exits. There were substantial differences in the rates of placement changes in different geographic regions, indicating that children in some states were less likely to have positive exits, more likely to have negative exits, and more likely to have foster care placement changes than otherwise similar children in other states.
KEEP altered rates of placement change, significantly increasing positive exits (Table 2) . It also significantly reduced a combined measure of negative exits and lateral moves (results not shown). When these two outcomes were disaggregated, significance was attenuated but the direction of effect was the same-fewer placement changes in foster homes receiving the KEEP intervention and fewer negative exits for children with histories of more prior placement changes in KEEP foster homes. Region 1 (%) 22
Region 2 (%) 12
Region 3 (%) 3
Region 4 (%) 7
Region 5 (%) 5
Region 6 (%) 4
Region 7 (%) 1
Region 8 (%) 6
Region 9 (%) 41
Simulating the Effects of KEEP on US Child Welfare Populations
Applying KEEP's effects to the rates of foster placement change and exit for 5-12 year-olds in foster care represented by NSCAW-1, the microsimulation predicts that, over 3 years, most children will leave the foster homes in which they currently reside (any placement change: 78% [73-84%]). On average, they will have 0.60 [0.30-1.27] placement changes within foster care, and many will have negative exits from foster care (23% [15-32%]) (Fig. 3) . The microsimulation also predicts that KEEP could produce substantial beneficial effects, increasing rates of positive exits from foster care and reducing placement changes within foster care without significantly altering rates of negative exits (Fig. 3) . KEEP increased the proportion of children who had a positive exit from foster care from 40 to 53% (absolute difference: 13% [5-22%]), and decreased the average number of lateral moves from 0.60 to 0.39 (absolute difference: 0.21 [0.04-0.47]).
As shown in Table 3 , targeting KEEP to foster homes with higher-risk children (e.g., those age above 9, residing in non-kinship foster homes, and with CBCL scores C64) provides differentially higher benefits in terms of increased placement stability compared to lower-risk children. Without KEEP, lower-risk children have 0.30 [0.13-0.53] placement changes on average and higher-risk children have 0.95 [0.28-2.62], three times as many placement changes on average are prevented by targeting KEEP to a higher-risk child compared to a lower risk child (reductions of 0.29 vs. 0.11).
In assessing its benefits, the decision to implement KEEP will likely vary by state, as the model predicts substantially different outcomes across regions included in NSCAW-1. For example, in microsimulations restricted to children from region 2 (State A) and region 4 (State B), the proportions of children with positive exits and negative exits from foster care and the average number of placement changes within foster care in State A are 1.3, 0.6, and 9.1 times those of State B. KEEP's potential to alter these risks also differs across states, with significantly larger potential to decrease average numbers of placement changes in State B (0.29) compared to State A (0.03).
Sensitivity analyses
Even if the effect of KEEP on positive and negative exits and foster placement changes were as low as 50% or as high as 150% of that observed in the original randomized trial when implemented in other systems serving the U.S. Child Welfare population, its simulated beneficial effects (increases in positive exits and reductions in lateral moves) remain substantial (Fig. 4) . Notably, while the cumulative risk of negative exits rises somewhat depending on changes in KEEP's effectiveness, negative exits remain infrequent relative to increases in positive exits and decreases in foster placement changes. If KEEP's effects attenuated, tapering from the trial-measured effect to no effect between day 200 and day 1,095 of follow-up, substantial increases in positive exits and reductions in foster placement changes persist (Fig. 5) , suggesting that KEEP's impacts on these measures occur in large part relatively soon after being introduced into a foster home.
Discussion
If KEEP were implemented for foster homes currently housing 5-12 year-olds in Child Welfare systems in the US, it could increase the proportion of children who were adopted, reunified, and placed in long-term guardianship while simultaneously enhancing stability through reductions in placement changes. If KEEP were targeted to higher-risk children, it could produce even greater improvements in placement stability. Thus, a promising researchbased parenting intervention of reasonably low intensity has the potential to improve outcomes for vulnerable children. These effects are particularly important because of their potential relationship to public expenditures on higher-end services, longer-term mental health outcomes and other risks that children served by Child Welfare currently face. The model-based decision science approach used here provides insights about potential benefits of implementing evidence-based interventions. It represents an applied example of a framework focused on better supporting the decision making for Child Welfare administrators. Extending the framework could provide significant additional value to policymakers.
Incorporating additional data sources would allow the model to better reflect the experiences of children in systems as large and diverse as Child Welfare systems in the US, enhancing external validity. Two such sources are: (1) NSCAW-2, a second longitudinal cohort of children investigated by child welfare agencies initiated in February, 2008 using a design very similar to NSCAW-1 providing detailed profiles of children as they move through the Child Welfare system; and (2) the Multistate Foster Care Data Archive 
(MFCDA), a repository of all individual-level, longitudinal administrative data from 23 states (Wulczyn et al. 2007 ). Linking NSCAW-2 and MFCDA with statistical matching techniques would provide an even more powerful approach that leveraged MFCDA's comprehensiveness and scale with NSCAW-2's wide range of clinically-relevant individual measurements (D'Orazio et al. 2006 ). Analyses considering system-wide dissemination must concern themselves with issues of program fidelity as interventions are scaled-up (Chamberlain et al. 2008; Welsh et al. 2010) . In this study, our approach assumed that estimated effects of KEEP generalized to NSCAW-1. Along with adjustments for sample differences, this assumption is plausible for present purposes. However, as populations become increasingly dissimilar and as program fidelity declines, more sophisticated techniques will be required.
Rigorous cost estimates are needed to assess the value that interventions deliver. Costs should reflect true economic costs (Corso and Lutzker 2006; Gold 1996) , representing both resources used for delivering interventions and averted downstream expenditures. Recent research has developed the available range of costs estimates for Child Welfare systems in the U.S. (Chamberlain et al. 2011) .
While placement changes and more restrictive placements are in and of themselves important policy outcomes in the context of Child Welfare, policymakers are also interested in the potential long-term effects of intervention implementation. Evidence on the causal relationship between placement changes and longer-term outcomes is mixed, but as more, high-quality studies address this important topic, extrapolating model outcomes based on the evidence will be critical. For the sake of illustration, we consider how modeled outcomes might translate into changes in subsequent behavioral problems (Rubin et al. 2008) and associated mental health conditions (Petty et al. 2008 ); cost savings due to averted mental health conditions (Rubin et al. 2004) ; and subsequent juvenile justice involvement when children become teenagers (Ryan and Testa 2005; Thornberry et al. 1999) . Placement instability ([2 placement changes over a year) is associated with higher mental health costs in subsequent years (adjusted Odds Ratio 2.01 [1.50-3.05)), defined as being in the top 10% of claims (average annual claims approximately $12,000) vs. the bottom 90% of claims (average annual claims approximately $250). For foster children with placement instability, the risk of high mental health claims was 17.6% (expected mental health costs $2,320), compared to 9.3% for those with greater stability (expected mental health costs $1,340). As the microsimulation-predicted effect of KEEP on reduced placement instability was 10% of these children, the per-child cost savings could be nearly $100 per year for mental health services alone (0.10* [$2,320-$1,340] ). For males, greater placement stability is significantly associated with lower subsequent delinquency rates. In 2003, roughly 2,200,000 juveniles were arrested with approximately 25% of these for violent or substantial property crimes (Snyder and Sickmund 2006) . Juvenile delinquents are also at substantially elevated risks for physical and mental health problems and lower educational attainment and lifetime earnings (Rumberger and Larson 1998) . Based on studies of placement stability and delinquency (Ryan and Testa 2005) and the effect of KEEP in the microsimulation, KEEP might reduce the risk of delinquency through age 16 from 10.6 to 9.7% (absolute reduction 0.9%; relative reduction 10%). A fruitful area of future research is the consideration of possible cascading, societal benefits that accrue from improved placement stability. Fig. 3 Modeled effects of KEEP on foster care stability and permanency outcomes. The upper panel shows the absolute proportions of children in the US Child Welfare system experiencing positive or negative exits from foster care over a 3 year period along with the average number of placement changes they experience while in foster care. The dark bars represent outcomes in the current status quo for the Child Welfare system whereas the white bars represent these same outcomes if KEEP were implemented. The lower panel shows changes in outcomes due to KEEP. Because increases in positive exits are beneficial while decreases in negative exists and placement changes are considered beneficial, the regions of the graph considered beneficial are above the 0.00 horizontal axis for positive exits (for the left column) and below the 0.00 horizontal axis for negative exits and lateral moves (for the middle and right columns)
Evaluating program benefits holistically requires combining multiple outcomes, making a cost-benefit approach appealing (Beatty 2009; Ungar 2010) . Nonetheless, where health outcomes are a major focus in their own right, costutility approaches employing Quality Adjusted Life Years are suitable (Gold 1996) . Recent work has focused on estimating utility values to compute QALYs for a wide range of childhood conditions (Carroll and Downs 2009; Petrou and Kupek 2009; Prosser 2009; Prosser and Corso 2007; Ungar 2010) .
As evidence-based parenting interventions are scaled up, macro-level system effects could alter their effectiveness (Wulczyn et al. 2002) . For example, because organizations that contract to provide beds in group care must maintain a minimum occupancy to remain profitable, reductions in group care placements due to KEEP could reduce the availability of beds for the albeit smaller number of children still requiring them. An example of this is the importance of regions in the analyses. System effects, whether they are availability of foster homes or residential beds, affect placement changes. The integration of childlevel modeling of interventions in the context of system models that incorporate such macro-level feedbacks is worth considering.
As with all data and studies, the present work has limitations. NSCAW-1, although the most comprehensive representative data on children who have been investigated by CWAs, cannot, with a few exceptions, be used for detailed state-specific analyses. Linking NSCAW's detailed measures with state-specific administrative data is necessary for these analyses to be useful for state planning purposes. Although KEEP was evaluated in a large clinical trial and is based on previous studies and a well-validated interventional framework, the clinical trial data we use originate only from San Diego county. Although unlikely, it is conceivable that features of this county contributed to KEEP's positive effects. It is also possible that other features of the foster families trained in locations outside of San Diego or the training of paraprofessionals who deliver the KEEP intervention with less fidelity than those trained as part of the San Diego trial (Chamberlain et al. 2008) could alter outcomes. Sensitivity analyses suggest that changes in effectiveness and attenuation would have to be substantial to result in large differences in the estimated cumulative effects of KEEP on positive exits and foster placement changes (Figs. 4, 5) .
Likewise, there are limitations to the use of decisionanalytic microsimulation modeling as a tool for supporting policy decisions. Models themselves are built upon data and assumptions which, if invalid, can alter outputs and the conclusions drawn from them. Yet, it is important to note that assumptions guide decisions made in the absence of formal models. Decision makers' assumptions form implicit models, and decisions are made without formal Change in negative exits (%) 2 (-7 to 11) 1 (-6 to 12)
Change in placement changes (#) -0.03 (-0.10 to 0.00) -0.29 (-0.95 to -0.00) statement and evaluation of assumptions. Constructing an explicit model is itself a form of evidence synthesis that documents the data used, the relationships assumed, and the process of integration and extrapolation to comment on long-term outcomes that may not be possible to study otherwise. By considering outcomes, costs, and their uncertainties under alternative interventions, decision analyses help to identify interventions that achieve the maximum expected benefits within available budgets and subject to other constraints (e.g., trained personnel). To the extent that outcomes not included in the models are important to decision makers, the results of the analysis are incomplete. Therefore, modeling is best used in an iterative dialogue with decision makers in which results are presented, questions posed, and the model refined. A major strength of the approach is the ability to rapidly consider a broad range of options under many scenarios. When considering how Child Welfare interventions may alter the experiences of vulnerable children whose experiences have long-term implications for their mental and physical well-being, decision-analytic modeling represents an important approach. It allows Child Welfare agencies to make service choices based on data rather than unspoken and unevaluated assumptions. This approach to assessing Fig. 4 The relationship of changes to KEEP's effect size and modeled foster care stability and permanency outcomes. Each panel shows KEEP's impact in terms of changes in the proportion of children in the US Child Welfare system experiencing positive or negative exits from foster care over a 3 year period along with the average number of placement changes they experience while in foster care (cumulative incidences). KEEP's effect size is modified by multiplying KEEP's regression coefficients by 0.5 through 1.5 and repeating the bootstrap microsimulation as described in the ''Methods'' section Fig. 5 Attenuation of KEEP's effect for follow-up beyond the duration of the original randomized trial. Each panel shows KEEP's impact in terms of changes in the proportion of children in the US Child Welfare system experiencing positive or negative exits from foster care over a 3 year period along with the average number of placement changes they experience while in foster care (cumulative incidences). For follow-up beyond 200 days (i.e., the duration of the original KEEP RCT), KEEP's effect size is reduced by tapering it from its full effect at 201 days to no effect (0%), half the effect (50%), or full effect (no taper, 100%) by the end of the 1,095 days of follow-up and multiplying these follow-up time-specific changes by KEEP's regression coefficients and repeating the bootstrap microsimulation as described in the ''Methods'' section the potential impact of one or more evidence-based interventions may prove to be an important implementation tool. Accordingly, decision-analytic models could help to facilitate the use of programs that have shown to be effective in controlled studies but have yet to be widely adopted in usual practice.
